The blood oxygen level-dependent (BOLD) signal in functional neuroimaging suffers from 28 magnetic susceptibility artifacts and interference from metal implants. The resulting signal loss 29 hampers functional neuroimaging studies and can lead to misinterpretation of findings. Here, we 30 42 43 44 45
reconstructed compromised BOLD signal using deep machine learning. We trained a deep 31 learning model to learn principles governing BOLD activity in one dataset and reconstructed 32 artificially-compromised regions in another dataset, frame by frame. Strikingly, BOLD time 33 series extracted from reconstructed frames were correlated with the original time series, even 34 though the frames did not independently carry information about BOLD fluctuations through 35 time. Moreover, reconstructed functional connectivity (FC) maps exhibited good correspondence 36 with the original FC maps, indicating that the deep learning model recovered functional 37 relationships among brain regions. We replicated this result in patients whose scans suffered 38 signal loss due to intracortical electrodes. Critically, the reconstructions captured individual- 39 specific information rather than group information learned during training. Deep machine 40 learning thus presents a unique opportunity to reconstruct compromised BOLD signal while 41 capturing features of an individual's own functional brain organization.
Introduction 46 The blood oxygen level-dependent (BOLD) signal, acquired during functional magnetic 47 resonance imaging (fMRI), is subject to a number of artifacts, such as magnetic susceptibility 48 artifacts and interference from metal implants. For example, intracortical electrodes implanted in 49 patients interfere with the BOLD signal, potentially due to their lead connectors, resulting in 50 significant signal loss in brain regions close to the connection site on the skull 1 . This hampers 51 studies that investigate whole-brain activity and functional connectivity, and may result in 52 misinterpretation of findings. To date, there are no post-processing MRI methods that can 53 mitigate such interference. 54 A newly-proposed deep machine learning model, called deep convolutional generative 55 adversarial networks (DCGAN), provides a possible solution for reconstructing lost 56 information 2-6 . In the DCGAN approach, two networks-a generator and a discriminator-are 57 pitted one against the other and are trained and optimized simultaneously. Remarkably, it does 58 not simply assemble pieces of images it was trained on, but rather generates new images that are 59 internally cohesive. For example, DCGAN models can successfully fill in missing portions of 60 photographs of human faces and create pictures of human faces, birds, and even art. Like 61 photographs, BOLD images carry internally cohesive information. Embedded within resting-62 state data, for example, is information about BOLD signal fluctuations in each cortical surface 63 vertex 7 , from which we can extract meaningful information such as functional connectivity and 64 task-evoked brain activity 8 . 65 Here, we show that DCGAN can be harnessed to learn individual patterns of brain activity and 66 generate BOLD signals in artificially and non-artificially compromised cortical regions. We trained a deep learning model on a dataset containing intact BOLD frames from a sample of 68 healthy young adult participants ( Fig. 1A) . We used the trained model to reconstruct BOLD 69 images, frame by frame, in an independent test dataset in which we artificially removed cortical 70 surface regions of different sizes (Fig. 1B) . Although the individual input frames did not carry 71 information about the evolution of the BOLD signal through time, we set out on the ambitious 72 goal of investigating the times series and functional connectivity (FC) maps extracted from the 73 reconstructed frames. We hypothesized that the reconstructed times series and FC maps would 74 bear high similarity to the original ones. Additionally, the large amount of resting-state data that 75 was available enabled us to calculate individual-level functional connectivity 9,10 . We thus tested 76 whether machine learning can be used to reconstruct individual-specific information, or whether 77 its ability is limited to generating images based on group-level information. Finally, we tested the 78 DCGAN model in a clinical application, where we acquired a unique dataset by collecting 79 extensive resting-state fMRI data both before and after electrode implantation surgery in patients 80 with Parkinson's disease. We sought to reconstruct regions in the post-operative scans that 81 suffered substantial interference from the deep-brain stimulation (DBS) electrodes and 82 connectors. The availability of pre-implantation scans meant we had a reference against which to 83 compare the reconstructed images, assuming functional connectivity is stable and unchanged by 84 the implantation surgery. We hypothesized that the reconstructed BOLD signals from the post-85 surgical data would be highly similar to the pre-surgical BOLD signals, and that they would 86 reflect patterns of activity that are specific to the individual. . The discriminator is trained to distinguish the real BOLD frames from the BOLD patterns 96 simulated by the generator. The generator and discriminator are optimized simultaneously through the 97 two-player minimax game. (B) The trained generator is used to reconstruct the compromised BOLD 98 frames. We first created compromised BOLD frames by removing the BOLD signal in predefined regions 99 (here, in the temporal cortex, shown as white mask). Each compromised BOLD frame is flattened and 100 inputted to the trained generator. Vector z is iteratively optimized by the gradient-descent method in the 101 latent space to minimize the difference between the generated BOLD frames and the authentic data 102
x outside the masked region. The vector is then projected to the flattened map via the generator.
103
Then, is projected back into a 2562-vertex mesh representing the reconstructed BOLD activity in a 104 single frame.
105
generator to reconstruct compromised BOLD frames. 114 We found that the reconstructed BOLD frames appear similar to the original intact images (see 115 Fig of the two vertices above is r=-0.08, p=0.22 (Fig. 2B ). 136 We also assessed BOLD reconstructive accuracy by generating FC maps for all reconstructed 137 vertices and comparing them to the FC maps of the corresponding vertices in the original intact 138 BOLD frames. As an example, in Fig. 2C , we show the similarity between reconstructed and 139 original FC maps for the same two temporal vertices as in Fig. 2B 
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- Reconstructed BOLD signals are individual-specific 186 We investigated whether the reconstructed BOLD signals reflect general trends in BOLD activity 
221
- Signals are successfully reconstructed in a clinical sample 239 We tested the DCGAN model in patients whose MRI signals were interfered with by metal 240 implants. In patients with Parkinson's disease undergoing DBS 12 , intracortical electrodes were 241 implanted to stimulate the brain over the long term 13 . However, wires outside the skull Once the DCGAN model reconstructed the BOLD signals in the compromised regions, we 263 investigated whether there was any residual loss within these regions. We compared the 264 normalized amplitudes of the pre-operative BOLD signal with that of i) the post-operative 265 compromised BOLD signal (Fig. S3A, left) , and ii) the post-operative reconstructed BOLD 266 signal (Fig. S3A, right) . which is relatively far from the location of the stimulator and the motor network being 286 modulated. To support this, we investigated functional connectivity of the right temporoparietal 287 region of the two patients (note that signal loss was observed only in the left hemisphere). We 288 found that the post-operative FC maps in the right hemisphere are highly and significantly 289 correlated with the pre-operative FC maps (r=0.78±0. 01; t(1)=70.45, p=0.009) . However, for the 290 compromised region in the left hemisphere, we found that the post-operative FC maps are also 291 positively correlated with the pre-operative FC maps, but this correlation is not significantly 292 different from 0 (r=0.42±0.07; t(1)=5.73, p=0.11). As an example, we show cortical FC maps 293 using a seed placed in each patient's compromised region (Fig. S4 ). Unlike the weak and On that note, our method has several potential clinical applications. Revealing individual-based 363 functional activity is critical not only for understanding the functional network organization of 364 the human brain 15 , but also for personalized medicine, such as when precise cortical mapping is 365 required for neurosurgery or neuromodulation 16, 17 . Our individual-specific machine learning 366 method can, as we have shown, reconstruct BOLD signal that was lost due to intracortical 367 electrode interference. We showed that the model generates FC maps with high reconstructive 368 accuracy, as they exhibit high similarity to maps derived from presurgical images. to reconstruct whole-brain 3D images as the computational power required is too high. We hope 393 that technological advances will soon enable this type of modelling. In the meantime, it may be 394 possible to reconstruct signal in small 3D volumes. 395 Besides 3D modelling, we propose one area of future study to improve the current machine 396 learning model, which would be to consider the causal interactions across time frames. 397 Currently, each of the BOLD frames is used separately to supervise the learning process of the 398 adversarial networks. In this way, the connections among cortical areas, which are not included 399 
Materials and Methods

409
Participants 410 We used the resting-state fMRI data of 100 healthy young adult participants from the GSP 411 dataset (mean age: 22.0 ± 3.2 years; 50 women, 50 men) 11 . We also recruited two patients (two 
